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Abstract
Given the high prevalence of concussion in sports, assessment of cognition has become a
standard part of athletics, and results are used to inform return to play decisions. Neurocognitive
measures (e.g., ImPACT) generate cognitive composite scores from individual subtests, and
these scores are compared at baseline and post-concussion. Declines in scores provide evidence
for concussive injury, and athletes undergo repeated assessments until their scores and symptoms
improve. Recent research suggests that changes in the associations between test scores may
provide important information about cognitive recovery. A network framework may help
identify post-concussive cognitive changes that may not be apparent when composite scores are
compared. The present study examined composite-level comparisons and network-level
comparisons to see whether network models could better characterize SRC recovery. Athletes
were administered ImPACT at preseason and post-SRC (acute assessment = 72 hours of injury,
recovery assessment = within two weeks post-injury). Repeated measures ANOVA was
conducted to examine differences in composite scores over time. Cognitive networks were
estimated for the baseline, acute, and recovery assessment time points. Centrality indices were
calculated to determine relative importance of each cognitive variable in each network. Network
comparison tests were conducted to examine differences in network structure, connectedness,
and centrality over time. Repeated measures ANOVA results revealed an initial decline in
composite scores acutely post-SRC followed by improvement in scores at recovery. Network
analysis results indicated significantly increased network connectivity in both the acute and
recovery networks compared to the baseline network. Additionally, network structure changed
significantly from baseline to recovery. Visual memory and processing speed nodes were highly
central and influential within each network. Network comparisons also revealed changes in
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centrality over time. Specifically, visual memory nodes became more central and influential over
time, and impulsivity nodes became more central from acute to recovery. While composite
scores suggested cognitive recovery, cognitive network comparisons revealed lingering network
disruption at the recovery time point. Increased connectivity may reflect increased effort to
complete cognitive tasks, while changes in network structure suggest that compensatory
strategies may be used to achieve task demands. Given that visual memory and impulsivity
played an increasingly central role in networks over time, it may be helpful to target these
processes during treatment. Future research should examine whether certain pre-injury
characteristics (e.g., neurodevelopmental history) moderate longitudinal changes in cognitive
networks.
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Chapter 1—Literature Review
The dialogue surrounding sport-related concussion (SRC) has shifted dramatically in the
last several years, as SRC has now become a public health concern among high school,
collegiate, and professional athletes (McCrory et al., 2017). Recent research has documented a
myriad of physiological symptoms, cognitive changes, and mental health concerns secondary to
SRC in the acute and chronic phases post-injury (Broshek et al., 2015; Covassin et al., 2017).
Given the complexity of concussive brain injury, new analytic frameworks are needed to better
characterize post-concussive cognitive changes and account for heterogeneity therein. Moreover,
precision medicine requires a better understanding of the associations among neurocognitive
factors so that clinicians can identify appropriate and personalized targets for intervention. The
present study uses a novel analytic approach—network analysis—to longitudinally examine how
the interconnectedness of cognitive abilities changes as a result of SRC. This paper aims to better
conceptualize complexity of concussive brain injury and provide a foundation for personalized
approaches to concussion assessment and management.
Sport Related Concussion Pathophysiology and Outcomes
Mild traumatic brain injuries (mTBI) are emotionally, physically, and financially taxing
on patients and their family members, and they place a vast economic burden on the nation
(Humphreys et al., 2013). SRC is a subtype of mTBI and involves a blow to the head during
athletic play that results in a rapid onset of neuropathological changes (McCrory et al., 2017).
Physiological damage from SRC typically occurs in stages, starting with the initial impact or
change in velocity (i.e., acceleration/deceleration and inertial rotation caused by blow to the head
or indirectly to the body) and subsequent neuronal deformation (Silver et al., 2018). Acutely, the
biomechanical injury sets off a cascade of neurometabolic disruption, while skull bending and
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inertial forces cause secondary injuries (e.g., diffuse axonal injury, elevated intracranial pressure,
and inflammation; Giza & Hovda, 2001). This pathophysiological process interacts with preinjury, environmental, social, and psychological factors to engender a variety of post-injury
somatic and emotional symptoms (Conder & Conder, 2015; Iverson, 2019; Kenzie et al., 2017;
McCrea et al., 2015). SRC has also been shown to disrupt a variety of cognitive abilities,
including attention, cognitive flexibility, memory, processing speed, reaction time, working
memory, and other aspects of executive function (Belanger & Vanderploeg, 2005; Collie et al.,
2006; Covassin et al., 2008; Gardner et al., 2010; Guskiewicz et al., 2001; Lax et al., 2015;
McGowan et al., 2019; Moore et al., 2015, 2016; Sicard et al., 2018; Thoma et al., 2015). As
such, athletes typically undergo neurocognitive testing at baseline and after suspected SRC, as
repeated testing can characterize neurobiological change and recovery (McRory et al., 2017).
While symptoms can resolve within days to weeks, some athletes experience persisting
symptoms after concussion (PSaC), or symptoms that last for over ten days post-injury (Broshek,
2020; Makdissi et al., 2017; McCrory et al., 2013). Certain pre-injury characteristics have been
shown to be associated with PSaC, including neurodevelopmental history (Miller et al., 2016),
mental health history (Broshek et al., 2015; Iverson et al., 2017; Sandel et al., 2017), prior head
impact exposure (Putukian et al., 2021; Sinnott et al., 2020), neurological pathology (e.g.,
migraine or headache disorders, epileptic seizures; see Conder et al., 2020 for a review),
emotional and cognitive risk factors (Evered et al., 2003; Hou et al., 2012; Iverson et al., 2010),
personality characteristics (Iverson, 2019), and genetic vulnerabilities (Kutner et al., 2000;
Merritt & Arnett, 2016; Merritt et al., 2018, 2020). Additionally, environmental factors such as
family and social stressors, academic challenges, and pressure from athletic influences (e.g.,
coaches, recruiters, teammates) can also influence symptom severity and recovery (Broshek et
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al., 2015; Iverson, 2019; Olsson et al., 2013). Thus, attempts to pinpoint an underlying, common
process that contributes to PSaC have been elusive.
Network Theory and Analysis of Psychological Symptoms
In the broader psychology literature, psychopathology and symptom comorbidity is
commonly conceptualized through common cause or latent variable framework. Within this
context, psychopathological symptoms and their covariation are explained by a common latent
variable. However, psychological disorders do not necessarily have homogenous defining
features, as people can have different symptom constellations while still fulfilling diagnostic
criteria (Borsboom & Cramer, 2013; Cramer et al., 2010). Given the non-specific pre-morbid and
post-injury factors that contribute to post-concussive symptom presentation and recovery, the
common cause approach may not be suitable for characterizing PSaC. As such,
conceptualizations of post-concussive pathology have shifted to better represent the
multifactorial and individual nature of PSaC.
Researchers have argued that a network perspective of SRC sequelae is more informative
than a latent framework (Iverson, 2019; Iverson et al., 2020a, 2020b; Rabinowitz & Fisher,
2020). Network theory posits that disorders can be viewed as a set of interacting symptoms that
amplify, reinforce, and maintain each other (Borsboom, 2017; Cramer et al., 2010; Fried et al.,
2017). Such relationships can be computed with network analysis, which is a psychometric
method for studying the topology of variable associations. A network perspective defines a
syndrome as the interplay among symptoms, rather than the manifestation of a latent underlying
construct. Thus, using network analysis, syndromes can be modeled in terms of a set of direct
and indirect relationships between symptoms (Cramer et al., 2010). Moreover, networks can
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contain bidirectional connections, loops, or cycles that represent how symptoms within a
syndrome can cause or reinforce one another.
Network Analysis Methods
Network analysis allows for the graphical representation of observed clinical elements or
symptoms (nodes) and the statistical relationship among them (edges). In the graph, nodes are
connected by edges, which are represented with lines of varying thickness and color. Edge
weight, or the strength of the statistical relationship, is usually represented by line thickness,
while the direction of the statistical relationship (i.e., positive or negative direction) is
represented with line color (Figure 1). Additionally, graph theory metrics can be used to
determine how central or influential a node is relative to the rest of the network (Borsboom &
Cramer, 2013; Bringmann et al., 2013; Cramer et al., 2010; Sporns, 2011). Indeed, individual
nodes or edges differ in their impact on the overall maintenance of the network (Constantini et
al., 2015; Epskamp et al., 2018; Sporns, 2011). For example, some nodes are highly or densely
connected to the rest of the network and may, therefore, facilitate network interconnectedness
and communication (Sporns, 2011).
Similar to how certain people within a social network are important for information flow
and the facilitation of relationships (Freeman, 1978), certain clinical elements in a syndrome
network may be more essential for network connection. In a psychological symptom network, a
symptom (node) may have high node strength if it is connected to several other symptoms
(nodes) in the network. Given its influential role in the network, this symptom could be
considered a risk factor for developing other symptoms (Fried et al., 2017). A node that has high
closeness centrality is also influential in the network, as this node can reach all other nodes via
short path lengths and may exert more direct influence over the network. A node that has high
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betweenness centrality participates in many of the “shortest paths” in the network, which means
it controls communication within that network (Constantini et al., 2015, 2021). With respect to
SRC, certain preserved or impaired post-concussive neurocognitive abilities may influence
overall neurocognitive performance. Examining cognitive networks following SRC may provide
unique insights into important associations among cognitive abilities as well as identify
influential cognitive skills that may be responsible for prolonged cognitive difficulties. This level
of detail is not apparent when common cause variable frameworks are used to examine the
cognitive outcomes of SRC.
Network Analysis in Psychopathology Literature
Researchers have increasingly utilized network analysis to better characterize symptom
structure and progression in psychopathology (for a review, see Fried et al., 2016; Fried &
Cramer, 2017). For example, schizophrenia patients have been found to have less densely
connected negative symptom networks compared to bipolar and control groups, which suggests
that treatments targeting negative symptoms in schizophrenia may not achieve global reductions
in symptoms (Strauss et al., 2019). Depressive and anxiety symptoms form highly interconnected
and non-specific networks with symptom connectivity increasing across development, which
suggests that symptoms may mutually reinforce each other over time (McElroy et al., 2018).
Network analysis of PTSD symptoms has identified clusters of influential maladaptive
cognitions, pointing to an important target for intervention (Bartels et al., 2019). A network
perspective may be equally illuminating for neurocognitive performance following SRC, as
information gleaned from network analysis could provide unique insights into symptom
maintenance and progression (Iverson, 2019).
Post-Concussion Symptom Networks
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Recently, researchers examined the network structure of post-concussive symptoms in a
sample of adolescents and young adults (Rabinowitz & Fisher, 2020). They used ecological
momentary assessment to track temporal and structural symptom progression over 20 days.
Across participants, central symptoms included noise and light sensitivity, feeling slow or foggy,
feeling emotional, difficulty concentrating, nervousness, sadness, headaches, drowsiness, and
fatigue. Otherwise, participants’ networks exhibited distinct structural and temporal patterns,
highlighting the idiosyncratic nature of SRC recovery. Cross-sectional studies examined the
network structure of baseline symptoms in athletes with history of mental health problems
(Iverson et al., 2020a) and in athletes with attention-deficit/hyperactivity disorder (ADHD;
Iverson et al., 2020b). Across both samples, athletes exhibited highly interconnected networks
that seemed to cluster according to symptom category. “Feeling emotional” and “dizziness” were
the most central symptoms in both studies, and “feeling slowed down” was central for athletes
with mental health problems only. Their findings suggest that these symptoms may be important
to track over time, as they may become exacerbated as a result of concussion (Iverson et al.,
2020a, 2020b).
Neurocognitive Testing in SRC Management
Although important network characteristics were identified in these studies, the network
architecture of cognitive changes post-SRC remains unexplored. Typically, scores from
individual neurocognitive tests are aggregated into composite scores that are meant to reflect a
particular cognitive domain (e.g., processing speed). Post-concussion cognitive composite scores
are compared to the baseline scores, and declines in composite scores following injury provide
evidence for concussive injury and are the basis for clinical decision making. While this
interpretive approach has some advantages, it fails to acknowledge that cognitive functions work
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in close interdependent concert and rarely operate in isolation. Drawing on mutualism theory of
intelligence, cognitive performance is a byproduct of the dynamic interactions between different
cognitive processes within a system (van Der Maas et al., 2006). Mutualism models have
outperformed latent models in studies examining developmental changes in fluid reasoning
(Kievit et al., 2017), intelligence (Kan et al., 2019), and academic achievement (Vandernbroucke
et al., 2018). Examining the interconnectedness of cognitive functions proved more informative
and descriptive than when examining domains in isolation. Thus, network analysis has the
potential to characterize cognitive functioning at a more granular level, which could provide
novel information about cognitive recovery post-concussion. This motivates further research to
examine cognitive network changes in athletes with SRC.
The Present Study
SRC is among the most complex sports medicine injuries, and attempts to identify
appropriate interventions remain difficult (McCrory et al., 2017). Pre-injury vulnerabilities,
injury biomechanics, environmental stressors, and psychological factors contribute to individual
differences in symptoms and recovery (Conder & Conder, 2015; Iverson, 2019; Kenzie et al.,
2017; McCrea et al., 2015). A theoretical and methodological shift is warranted to better
conceptualize heterogeneity of cognitive recovery following SRC and inform techniques more
attuned to personalized medicine. Longitudinal examination of cognitive network changes may
provide new insights into SRC recovery. Moreover, identifying central cognitive nodes will help
elucidate target areas for neurocognitive rehabilitation. The present study used network analysis
to longitudinally examine the topology of post-concussive cognitive abilities in a large sample of
high-school athletes. Based on evidence from neuroimaging studies indicating that functional
brain networks become hyperconnected following SRC (Czerniak et al., 2015; Kaushal et al.,
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2019; Manning et al., 2017; Meier et al., 2017, 2020 Murdaugh et al., 2018), it is expected that
cognitive networks will also become more densely connected following concussion. Moreover, it
is expected that there will be alterations in network structure as reflected by changes in
influential nodes and node organization, which would indicate increased effort and compensatory
mechanisms to achieve cognitive tasks.
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Chapter 2—Methods
Participants
Participants were selected from a larger longitudinal database of high school athletes who
were administered Immediate Post-Concussion Assessment and Cognitive Testing (ImPACT;
Lovell, 2020) at several time points throughout the academic year. The baseline assessment was
completed at the beginning of the sport season or academic year, and the first post-concussion
assessment was administered within 72 hours of suspected concussion. Follow-up postconcussion assessments were then administered if the athlete exhibited concussion-related
changes in symptoms and cognition. ImPACT was administered by trained personnel at each
assessment timepoint.
Out of 80,436 total athletes, 2,182 athletes completed one valid baseline assessment
(baseline), an acute assessment (acute), and one follow-up assessment (recovery). If more than
one follow-up assessment was available for an athlete (e.g., an athlete was administered three
follow-up assessments over three weeks), the final assessment was retained, as this best
represented the stage at which the athlete was cleared to return-to-play. Eligible athletes met the
following criteria: ImPACT was administered in English; no self-reported history of brain
surgery, epilepsy treatment, migraine treatment, alcohol or substance use treatment, psychiatric
treatment, Attention Deficit/Hyperactivity Disorder, Learning Disorder, or Autism Spectrum
Disorder. The final sample consisted of 1,553 athletes (Mage = 14.68, SDage = 1.02; 36.3%
female) representing a range of sport types (53.4% contact–collision, 28.7% contact–noncollision, 11.8% limited contact, 2.8% non-contact, 3.3% missing sport type).1 There was an
average of 286.3 days between baseline and acute assessments and an average of 13.38 days
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between acute and recovery assessments. Figure 2 shows a detailed description of participant
selection.
Measure
ImPACT is a multi-domain, computerized neuropsychological test that is widely used for
sport-concussion assessment. It is a commonly used tool for documenting baseline cognitive
function, characterizing the effects of concussive injury, and monitoring the progress of recovery
(Schatz, 2010). ImPACT includes a demographic survey, a brief medical history questionnaire, a
post-concussion symptom scale consisting of 22 commonly reported symptoms (e.g., headache,
fatigue, irritability), and a neurocognitive test comprised of six subtests (see Table 1 for subtest
descriptions). ImPACT has adequate psychometric properties, including good construct validity
(Maerlender et al., 2013) and test-retest reliability (Schatz & Ferris, 2013) and has been
demonstrated to increase the sensitivity of post-concussion assessment beyond symptomatic
evaluation and physical examination (Van Kampen et al., 2006; Schatz, et al., 2006). Table 2 and
Table 3 present descriptive data for the cognitive variables and composite scores, respectively.
Analysis Plan
Composite Score Comparisons Over Time
A two-factor repeated measures analysis of variance (ANOVA) was conducted to
examine differences in composite scores over time. Time (baseline, acute, recovery) and
Composite (Verbal Memory, Visual memory, Visual Motor Speed, Reaction Time, and Impulse
Control) were entered as within-subjects factors. Post hoc tests were conducted if there was a
significant Time x Composite interaction. Data were centered prior to analysis, and inverses
were calculated for Reaction Time and Impulse Control composites so that the direction of
effects was the same across all composites.
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Estimate Network Structure
Network analyses were conducted in R version 4.0.3. using the qgraph (Epskamp et al.,
2012), bootnet (Epskamp & Fried, 2018), networktools (Jones, 2018), and
NetworkComparisonTest (van Borkulo et al., 2019) packages. Network analyses were conducted
on the individual scores from ImPACT neurocognitive subtests at three time points yielding
three separate networks (i.e., a baseline cognitive network, an acute cognitive network, and a
recovery cognitive network). Unique ImPACT cognitive subtest scores (i.e., not an aggregate,
inverse or otherwise derived from other subtest scores) were included in the analyses resulting in
24 cognitive variables: Word Memory: Hits (immediate condition), Correct Distractors
(immediate condition), Hits (delay condition), Correct Distractors (delay condition); Design
Memory: Hits (immediate condition), Correct Distractors (immediate condition), Hits (delay
condition), Correct Distractors (delay condition); Xs and Os: Total Correct (memory task), Total
Correct (interference task), Average Correct Reaction Time (interference task), Total Incorrect
(interference task), Average Incorrect Reaction Time (interference task); Symbol Match: Total
Correct (visible condition), Average Correct Reaction Time (visible condition), Total Correct
(hidden condition), Average correct Reaction Time (hidden condition); Color Match: Total
Correct, Average Correct Reaction Time, Total Commissions, Average Commissions Reaction
Time; Three Letters: Total Sequence Correct, Average Time to First Click, Average Counted
Correctly.
The cognitive variables were not normally distributed, so a nonparanormal SKEPTIC
transformation was applied to the variables prior to estimating the networks (Zhao et al., 2015).
The Gaussian graphical model was used to estimate the regularized partial correlation networks
for each time point, whereby edges represent partial correlations between nodes (cognitive
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variables) after adjusting for the influence of all other nodes in the network. Networks were
regularized using the recommended graphical least absolute shrinkage and selection operator
(GLASSO) algorithm (Friedman et al., 2008), and the tuning parameter was chosen using the
Extended Bayesian Information Criterion (EBIC; Chen & Chen, 2008). The EBIC
hyperparameter gamma value was set to .5, which is recommended for estimating parsimonious
networks and balancing sensitivity and specificity (Foygel & Drton, 2010). This process removes
weak and spurious edges (i.e., false positives) and returns a sparse network in which a small
number of likely genuine edges are used to explain the network structure, which is useful for
obtaining interpretable results (Epskamp & Fried, 2018). Network layouts were constrained to be
equal for all three networks to aid in interpretation.
Compute Centrality Indices
To determine the importance of individual nodes within the network (i.e., the importance
of cognitive variables in its networks), four centrality indices—node strength, closeness,
betweenness, and expected influence—were computed using graph theory methods. Node
strength is the sum of the absolute value of partial correlation coefficients between a given node
and all other nodes. Node strength represents how strongly a given node is directly connected to
other nodes in its network. Closeness is the inverse of the sum of all shortest path lengths
between a given node and all other nodes in the network. Closeness quantifies how strongly a
node is indirectly connected to other nodes in a network. Betweenness measures the frequency of
a node being on the shortest path between all node pairs and represents the importance of a node
in connecting other nodes (Epskamp et al., 2018). Given that these indices do not distinguish
between positive and negative edges, the nodes’ expected influence on the network were also
examined, which considers both node strength and edge direction (Robinaugh et al., 2016).
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When two nodes measure the same construct, they should correlate to the same degree
with all other variables. This is problematic, as node redundancy can distort centrality metrics
and violate the positive definite matrix assumption of network analysis. The goldbricker function
(Jones, 2018) compares correlations in the network in order to identify colinear nodes (i.e., nodes
that likely measure the same construct). Specifically, the function calculates the proportion of
correlations that are significantly different for each pair of nodes. The default threshold
proportion of .25 was applied, such that nodes who share a topological overlap greater than 25%
at an alpha of .01 are considered colinear.
Determine Network Accuracy
Three aspects of network accuracy were tested: (1) edge weight accuracy, (2) centrality
stability, and (3) differences between edge-weights and centrality indices (Epskamp et al., 2018).
First, in order to assess edge weight accuracy (i.e., the accuracy of estimated network
connections), nonparametric bootstrapped confidence intervals (CI, 95%) were constructed
around the regularized edge weights. Large CIs suggest that the edge weights do not significantly
differ from one another, and edge strength should be interpreted with caution. Second, a casedropping subset bootstrap approach was employed to assess centrality stability (i.e., whether the
order of centrality indices remains the same after re-estimating the network with less cases). This
is quantified with the correlation stability coefficient (CS-coefficient), which signifies the
maximum proportion of cases that can be dropped while maintaining a large correlation (default
r = .7) of centrality values from the full- and subset-sample networks. It is recommended that the
CS-coefficient be above .5 and no lower than .25 for the centrality indices to be trustworthy
(Epskamp et al., 2018). Third, both edge weight and node centrality differences were examined.
Bootnet takes the difference between bootstrap values of one edge weight/centrality value and
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another edge-weight/centrality value and constructs a bootstrapped CI around the difference
scores. If zero is included in the bootstrapped CI, the edge-weights/centralities differ from one
another and are likely trustworthy.
Network Comparison
Network structures were compared to determine whether there were significant changes
across time (i.e., baseline cognitive network compared to acute cognitive network, acute
cognitive network compared to recovery cognitive network, and baseline cognitive network
compared to recovery cognitive network). The NetworkComparisonTest package implements a
permutation test to assess differences between two networks based on global strength invariance
(i.e., whether overall level of connectivity is equal across networks) and network structure
invariance (i.e., whether the network structure and distribution of edge weights are equal across
networks; Constantini et al., 2021; van Borkulo et al., 2019). Additionally, centrality differences
among the networks were examined to determine whether influential nodes changed over time.
False Discovery Rate correction was applied to account for multiple comparisons (i.e., multiple
edges).
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Chapter 3–Results
Composite Score Comparisons
Repeated measures ANOVA results revealed a significant main effect of Time (F [2,
3,104] = 617.14, p < .001, MSE = 1.24, ηp2 = .29), a nonsignificant main effect of Composite (F
[4, 6,208] < .001, p > .99, MSE = 1.10, ηp2 < .001), and a significant Time x Composite
interaction (F [8, 12,416] = 55.18, p < .001, MSE = .43, ηp2 = .03), indicating that scores change
differently over time (Table 3). Post hoc t tests revealed a pattern in which composite scores
significantly worsened from baseline to acute and significantly improved from acute to recovery
(Figure 3).
Network Architecture
The cognitive networks are presented in Figure 4. Out of a possible 276 edges, 197 (71%)
were retained at baseline, 183 (66%) were retained at acute, and 192 (69%) were retained at
recovery. The networks consisted of both positive and negative edges. Across all networks, the
strongest edges linked nodes within the same cognitive subtest (e.g., strong associations among
word memory scores, etc.). Strong edges were similar across networks, but an additional strong
edge between nodes 11 and 13 emerged in the acute and recovery networks.
Centrality Results
Important Nodes
In the baseline network, node 11 (XO average correct reaction time interference) had the
highest strength centrality, node 19 (color match average correct reaction time) had the highest
closeness centrality, node 24 (three letters average counted correctly) had the highest
betweenness centrality, and node 6 (design memory correct distractors) had the highest expected
influence. In the acute network, node 10 (XO total correct interference) had the highest strength
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centrality, node 16 (symbol match total correct hidden) had the highest closeness and
betweenness centrality, and like the baseline network, node 6 had the highest expected influence.
In the recovery network, node 11 had the highest strength centrality and node 16 had the highest
closeness centrality, similar to the baseline and acute networks, respectively. Node 19 had the
highest betweenness centrality, and node 21 (color match average commissions reaction time)
had the highest expected influence. See Supplementary Figure 1 for node rankings in strength
centrality and Supplementary Figure 2 for node rankings in expected influence.
Centrality Stability
At each time point, strength (CS(cor = .7) = .75) and expected influence (CS(cor - .7) =
.75) were stable under subsetting cases. Closeness was slightly above the cutoff at the baseline
(CS(cor = .7) = .52) and recovery (CS(cor = .7) = .59) assessments but was below the cutoff at
the acute assessment (CS(cor = .7) = .44). Betweenness did not reach the stability cutoff at any
time point (CS(cor = .7) ≤ .44). Taken together, node strength and expected influence were
interpretable in all networks, closeness was not interpretable in the acute network, and
betweenness was not interpretable in any network (see Supplementary Figure 3). Given that
centrality comparisons were made across all time points, closeness results were not interpreted.
Centrality Summary
Strength centrality results indicated that the XO interference task scores were strongly
associated with other nodes in each network. Specifically, average reaction time for correct
responses on this task was particularly important in the baseline and recovery networks, while
the total number of correct responses was important in the acute network. Expected influence
results suggested that the design memory task was highly influential in the baseline and acute
networks, while the color match average reaction time for commission errors was influential in
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the recovery network. These nodes had high cumulative influence within their respective
networks and may be expected to affect the activation, persistence, and remission of the network.
Overall, nodes measuring processing speed, visual memory, and impulsivity seem to influence
performance on other tasks.
While the XO interference task nodes were high in strength, they were relatively low in
expected influence. Expected influence measures the cumulative change in overall network
activation while retaining the negative edge values. XO interference nodes had both high positive
and negative connections to other nodes in the network. “Deactivating” these nodes would
decrease activation of neighboring nodes connected by positive edges and increase the activation
of neighboring nodes connected by negative edges, resulting in little change in overall network
activation. Thus, while the XO interference nodes were highly central, they were not necessarily
highly influential.
Network Accuracy
Edge Weight Accuracy
Supplementary Figure 4 shows the resulting plots of the non-parametric bootstrapped CIs
for estimated edge parameters. At each time point, CIs were tight around the parameter estimates
for edge-weight, suggesting accurate estimation of edge-weight values. Although there were
considerable overlaps among the edge-weight CIs, there was no overlap around the strongest
edges in the networks, suggesting that the order of the strongest edges are accurate and
interpretable.
Testing for Significant Differences
The resulting plots for edge-weight and centrality difference tests are presented in
Supplementary Figure 5,Supplementary Figure 6, andSupplementary Figure 7. Several edges
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significantly differed from each other within each network. Additionally, nodes significantly
differed in both strength centrality and expected influence, while most nodes did not significantly
differ in either closeness or betweenness (not shown).
In sum, all three estimated network structures were accurate, stable, and interpretable.
Sensitivity Analysis
The goldbricker function identified potential colinear nodes in each of the networks.
Node 5 (design memory hits immediate) and node 7 (design memory hits delay) shared
topological overlap in each network, and node 2 (word memory correct distractors immediate)
and node 4 (word memory correct distractors delay) shared topological overlap in the acute and
recovery networks. Other problematic node pairs included node 6 (design memory correct
distractors immediate) and node 8 (design memory correct distractors delay), node 20 (color
match total commissions) and node 21 (color match average commissions reaction time), node
11 (XO average correct reaction time) and node 21 (color match average correct reaction time),
and node 1 (word memory hits immediate) and node 3 (word memory hits delay). This calls into
question the relative importance of these nodes in their networks, as their high centrality values
could be partially explained by their overlapping topology. Potential solutions include combining
the nodes (e.g., using principal component analysis) or dropping one of the nodes in the pair
(Jones, 2018). While these nodes are logically similar, they tap unique cognitive processes (e.g.,
memory encoding vs. storage), so dropping one of the nodes or combining scores would result in
a loss of important clinical information that is relevant to this population. Thus, all nodes were
retained in the networks, and these nodes were interpreted with caution.
Network Comparisons Over Time
Baseline vs. Acute
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A comparison of the baseline and acute networks revealed that there was no significant
difference in network structure (M = .56, p = .08), where M equals the maximum difference in
any of the edge weights (Constantini et al., 2021; van Borkulo, 2018). However, network
connectivity was significantly greater in the acute compared to the baseline network (S = 2.29, p
= .02), where S equals the global strength difference of the two tests (Constantini et al., 2021;
van Borkulo, 2018).
When comparing the acute and recovery networks, there was no significant difference
in network structure (M = .50, p = .14) or overall connectivity (S = .56, p = .82).
A comparison of the baseline and recovery networks revealed a significant difference
in network structure (M = .25, p = .03) and a significant difference in overall connectivity (S =
1.73, p = .04). The recovery network had significantly higher global strength compared to the
baseline network.
Taken together, network connectivity was significantly higher in both the acute (global
strength = 12.8) and recovery (global strength = 12.3) networks compared to the baseline
network (global strength = 10.6). Connectivity decreased slightly from acute to recovery,
although the difference was not significant. Network structure was similar between the baseline
and acute networks as well as the acute and recovery networks, but structure changed
significantly between baseline and recovery.
Node Centrality Changes Over Time
There were several nodes with significant differences in strength centrality and
expected influence over time (see Figure 5). Overall, nodes measuring visual memory (e.g.,
design memory nodes) became more central and influential over time, and nodes measuring
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impulsivity (e.g., color match average commissions) became more central from acute to
recovery.
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Chapter 4–Discussion
Concussion is a common sports-related injury whose symptoms arise from a complex
interaction among a variety of neurobiological, mechanical, emotional, and environmental
factors. While some athletes recover within days of injury, others go on to have persisting
cognitive deficits, and cognitive tests are useful for characterizing these sequelae (Broshek,
2015; Makdissi et al., 2017; McCrory et al., 2017). Traditional protocols involve comparing
baseline and post-injury cognitive composite scores to determine longitudinal changes in
performance (Lovell, 2020), which provides information that can be used to make clinical
decisions. However, this approach does not consider that cognitive abilities function as a
network by interacting and reinforcing one another over time, and these networks may continue
to be disrupted despite return to baseline levels of performance on composite scores. Network
analysis can be used to examine the interplay among cognitive abilities, and this approach has
not yet been used to investigate ImPACT cognitive subtests in youth athletes with SRC. This
study used network analysis to examine cognitive recovery post-SRC to determine whether
normalization of composite scores following injury was associated with a commensurate
normalization of the cognitive network. The results provided unique insights into apparent
differences in recovery when examining composite score versus network changes. Further,
findings provided information about the network topology of ImPACT cognitive abilities,
influential cognitive abilities in those networks, and the way in which cognitive networks change
as a result of SRC.
Comparing Composite-Level and Network-Level Findings in SRC Recovery
Comparison of composite score and network analysis approaches revealed disparate
conclusions regarding SRC recovery. Consistent with the known effects of SRC on cognitive test
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performance (Belanger & Vanderploeg, 2005), ImPACT composite scores in the current sample
followed the typical SRC recovery trajectory, with an initial decline in cognitive performance
acutely after SRC, followed by improvement after a two-week recovery period. This was not
surprising for this cohort of athletes, as they were all presumed to be cleared to return-to-play
following their final post-concussion assessment.
In contrast, network analysis revealed lingering disruption in cognitive networks at the
final post-concussion assessment. The recovery network still exhibited significantly increased
connectivity compared to the baseline network, which provides evidence that cognitive networks
remain disrupted after two weeks post-injury. Baseline and recovery networks also had
significantly different network structure, reflecting a reorganization of connections among
cognitive nodes. The recovery network showed slightly decreased global strength compared to
the acute network, possibly reflecting a slow return to baseline-level connectivity. Longitudinal
evaluations over a longer period of time (e.g., several months post injury) might prove useful for
determining the recovery trajectory of disrupted networks.
The finding that cognitive networks become significantly more connected after SRC and
remain hyperconnected at two weeks post-injury parallels some of the evidence from functional
neuroimaging research on concussion. Specifically, resting-state fMRI research shows a pattern
of functional network hyperconnectivity following SRC. Longitudinal studies have shown that
athletes with SRC exhibited hyperconnectivity both acutely (Meier et al., 2020) and subacutely
after injury (Meier et al., 2017; Murdaugh et al., 2018). Other studies have found that compared
to controls, athletes with SRC exhibited elevated network connectivity both at the whole brain
level (Kaushal et al., 2019) and within key networks (i.e., default mode and salience networks;
Czerniak et al., 2015; Manning et al., 2017). Network hyperconnectivity is thought to represent
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compensatory recruitment of additional resources to enable communication following disruption
of functional networks (Czerniak et al., 2015; Kaushal et al., 2019; Meier et al., 2017). The
increased connectivity in the cognitive network identified here may, therefore, represent
increased effort and engagement of more cognitive resources to meet task demands following
injury. Further, network reorganization at the recovery time point may reflect use of
compensatory strategies in an attempt to achieve pre-injury cognitive performance.
In sum, although normalization of the athletes’ cognitive composite scores suggested a
return to normal functioning, network analysis results revealed lingering cognitive disruption
even after a two week period of recovery. The present results indicate that examining the
interrelations among cognitive test scores following SRC provides unique and nuanced
information about post-SRC neurocognitive performance above and beyond what can be
identified by comparing composite scores. Indeed, studies that compared cognitive network
models with traditional, composite models also concluded that networks were more informative
than results derived from domain-level comparisons (Kan et al., 2019; Kievit et al., 2017;
Vandenbroucke et al., 2018). Consistent with mutualism models, cognitive abilities have
mutually-facilitating relationships (van der Maas et al., 2006), and important information is lost
when examining domain-specific composite scores (Boschloo et al., 2016; Kan et al., 2019;
Kievit et al., 2017). Thus, in addition to assessing differences among isolated cognitive domains,
it is important to examine the interconnectedness and structure of cognitive skills.
Influential Cognitive Nodes
Network analysis identified influential cognitive abilities—processing speed, visual
memory, and impulsivity— that were responsible for the maintenance of networks over time.
Processing speed nodes were consistently high in strength centrality within each network,
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indicating that performance on these measures was highly associated with performance on other
cognitive tasks. Consequently, processing speed deficits likely contributed to poor performance
on other tasks. Processing speed deficits are common after SRC (e.g., Guty et al., 2018; Rose et
al., 2019), possibly due to disruptions of subcortical white matter tracts that are particularly
susceptible to acceleration/deceleration injuries (Giza & Hovda, 2001). Moreover, slowed
processing speed after brain injury contributes to self-reported memory problems, attentional
deficits, poor concentration, heightened distractibility, and cognitive fatigue (Johansson et al.,
2009). Thus, it may be important to identify and intervene on processing speed deficits, as this
may be an efficient way to target broader cognitive complaints post-SRC.
Visual memory nodes exhibited increased strength centrality and expected influence over
time. Visual memory deficits post-SRC may reflect excitotoxicity and hypoxic insult affecting
the hippocampus (Giza & Hovda, 2001) or diffuse injury to vulnerable networks comprised of
anterior-posterior and lateral white matter tracts (i.e., the DMN; Bigler, 2018). Interestingly,
research examining the effects of mTBI on visual memory found that while patients performed
poorly on visual recall tasks, visual recognition memory remained intact (L’Ecuyer-Giguere et
al., 2019). However, the current results suggest that visual recognition memory performance is
responsible for the maintenance of the overall network, so deficits in visual memory likely
impeded performance on other cognitive tests. Future research should examine whether certain
memory processes within visual memory (i.e., encoding, storage or retrieval) are more influential
than others to identify a more precise target for intervention.
Nodes measuring impulsivity became more central after concussion, which highlights
their relative importance during the two-week recovery period post-SRC. This is consistent with
literature reporting impulse control and inhibition deficits following mild to severe brain injuries
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(Dimoska-DiMarco et al., 2011; Levin et al., 2004; McGowan et al., 2019; Moore et al., 2016)
that persist beyond the acute phase of injury. Perhaps as time progresses after the injury, deficits
in impulse control become more dominant in the cognitive network and contribute to long-term
disruption on other tasks. Impulse control may be important to target acutely post-concussion as
this deficit appears to be a prominent and lingering concern.
Overall, these central nodes appear to reflect basic cognitive skills that influence
performance on other cognitive measures; thus, targeting these central abilities may quickly
improve performance on other, more peripheral abilities represented in the network. Processing
speed performance appeared to be a key factor in the structure of the cognitive network, while
visual memory and impulsivity performance were important for the maintenance of the network
over time. Based on these findings, it may be particularly helpful to target visual memory and
impulse control difficulties acutely, given that they become increasingly more central over time
and may contribute to delayed cognitive recovery. These findings support the notion that
network analysis can detect crucial targets for intervention that would otherwise be missed when
looking at domain-level scores in isolation.
Limitations and Future directions
The generalizability of the current results may be limited by the exclusion of athletes with
histories of psychiatric, neurodevelopmental, and other disorders that would impact cognitive
networks. Future research could validate this work in the context of a more diverse, heterogenous
population and examine whether premorbid characteristics influence network structure, stability,
and node importance. Also, while ImPACT is a widely used neurocognitive screening tool in
concussion management, a more comprehensive battery of neuropsychological measures would
allow for a more thorough assessment of cognitive networks that may be disrupted in athletes
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with SRC. Moreover, it remains unclear whether the changes in cognitive networks could also be
accounted for by practice effects or normative cognitive development. While ImPACT’s
different test forms help prevent practice effects, it would be helpful to compare cognitive
network changes between a normative sample and a sample of concussed athletes. Additionally,
while examining undirected networks helps identify covariation among cognitive abilities,
estimating directed networks and centrality metrics (e.g., in-strength and out-strength) would
clarify causal relationships among abilities and identify precise targets for intervention. The
extent to which cognitive network disruption interferes with classroom learning and other
cognitive activities is unknown. Future research may wish to determine if disrupted networks are
associated with long-term learning difficulties and academic decline. Finally, while the present
study focused on cognitive abilities, other functional domains are relevant to SRC recovery.
Estimating networks that include several domains of functioning (e.g., psychological health,
physiological symptoms, pre-injury vulnerability) would provide a more comprehensive and
nuanced picture of PSaC.
Conclusions
The present study provides the first evidence of persisting changes in cognitive network
structure following SRC. While composite-level scores suggested full cognitive recovery,
network analysis showed significant disruptions in cognitive functioning following SRC. The
results point to hyperconnectivity and structural reorganization of cognitive networks, possibly
reflecting increased cognitive effort and compensatory strategies to meet increased task demands
following injury. Moreover, examining node centrality within and across networks identified
highly influential cognitive abilities that may impact performance on other tests. Composite-level
comparisons miss important information about cognitive functioning following SRC; thus,
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traditional methods for SRC management may lead to incorrect conclusions about an athlete’s
recovery. This is problematic, given that persisting cognitive deficits can contribute to academic
decline and increased anxiety (Broshek et al., 2015), among other negative outcomes. A network
perspective may improve treatment and clinical decision making by identifying highly influential
symptoms and clusters of strongly interconnected symptoms, thereby providing an effective
means of preventing or mitigating persisting symptoms after concussion.
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Footnotes
1. Baseline demographic information is reported.
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Appendix A: Tables
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Table 1. Description of ImPACT Cognitive Subtests
ImPACT Subtest

Description

Word Memory

Asked to identify (using yes-no responses) 12 words from a 24-word
list that includes semantically related distractors. Delay condition
presented 20 minutes later.

Design Memory

Asked to identify (using yes-no responses) 12 designs from 24
designs that includes distractor designs that depict the target design
rotated in space. Delay condition presented 20 minutes later.

Xs and Os

Asked to identify the location of previously illuminated Xs and Os
among a random assortment of other Xs and Os. Subjects complete a
distracter task (perform specific action if a blue square/red circle is
presented) to interfere with memory rehearsal.

Symbol Match

Presented with a grid of symbols and numbers (1-9). Subjects click
on the number that corresponds to a certain symbol as quickly as
possible. This is followed by a recall trial (symbols disappear).

Color Match

Presented with color words that are printed in either the same- or
different-colored ink. Subjects click on the word as quickly as
possible if the color of the ink matches the word printed.

Three Letters

Presented with three consonants to remember. Distractor task
consists of clicking on 25 numbers in descending order.
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Table 2. Descriptive Statistics for Cognitive Variables (N = 1553)
Cognitive Variable

Baseline
M (SD)

Acute
M (SD)

Word Memory Hits

11.6 (0.740)

10.7 (1.68)

11.2 (1.19)

Word Memory Correct Distractors

11.6 (0.789)

10.5 (2.02)

11.4 (1.12)

Word Memory Hits (delay)

10.5 (1.39)

9.49 (2.06)

9.79 (1.95)

Word Memory Correct Distractors (delay)

10.8 (1.57)

9.56 (2.36)

10.6 (1.71)

Design Memory Hits

10.1 (1.45)

8.97 (1.84)

9.71 (1.79)

Design Memory Correct Distractors

9.16 (2.27)

8.44 (2.44)

9.46 (2.13)

Design Memory Hits (delay)

9.72 (1.68)

8.77 (1.92)

9.66 (1.80)

Design Memory Correct Distractors (delay)

8.44 (2.49)

7.85 (2.32)

8.59 (2.32)

XO Total Correct (memory)

8.01 (2.34)

7.37 (2.61)

8.71 (2.25)

XO Total Correct (interference)

109 (8.64)

104 (15.4)

113 (9.29)

XO Average Correct Reaction Time (interference)

0.529 (0.0737)

0.589 (0.214)

0.501 (0.0830)

XO Total Incorrect (interference)

6.89 (4.64)

7.82 (7.30)

6.33 (5.42)

XO Average Incorrect Reaction Time (interference)

0.451 (0.204)

0.495 (0.388)

0.411 (0.130)

Symbol Match Total Correct (visible)

26.7 (1.16)

26.7 (0.959)

26.8 (0.539)

Symbol Match Average Correct Reaction Time (visible)

1.64 (0.523)

1.75 (0.569)

1.58 (0.426)

Symbol Match Total Correct (hidden)

6.05 (2.01)

5.74 (2.09)

7.06 (1.84)

Symbol Match Average Correct Reaction Time (hidden)

1.61 (0.592)

1.71 (0.694)

1.67 (0.656)

Color Match Total Correct

8.57 (1.47)

8.57 (1.21)

8.86 (0.583)

Color Match Average Correct Reaction Time

0.789 (0.168)

0.858 (0.210)

0.770 (0.148)

Color Match Total Commissions

0.470 (0.996)

0.806 (1.44)

0.294 (0.744)

Color Match Average Commissions Reaction Time

0.230 (0.383)

0.309 (0.468)

0.154 (0.336)

Three Letters Total Sequence Correct

3.94 (0.976)

3.47 (1.42)

4.40 (0.906)

Three Letters Average Time to First Click

2.40 (0.726)

2.39 (0.676)

2.10 (0.567)

Three Letters Average Counted Correctly

13.9 (4.18)

13.6 (4.57)

16.3 (4.28)

Note. M = mean, SD = standard deviation.
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Recovery
M (SD)

Table 3. Descriptive Statistics for ImPACT-Generated Composite Scores
Time
Point

Verbal
Memory

Baseline

82.3 (9.98)

Acute

76.0 (14.7)

Visual
Memory

Visual
Motor Speed

72.3 (13.0) 34.6 (6.77)

66.2 (15.0) 33.4 (7.99)

Recovery 86.9 (10.4 ) 75.3 (12.6) 38.5 (6.94)

Reaction
Time
0.62 (0.09)

0.68 (0.15)

Impulse
Control

Post Hoc Tests
Verbal Memory, Visual Mem, Impulse Control, Reaction

7.36 (4.93) Time > Visual Motor Speed;
8.63 (8.03)

0.600 (0.09) 6.63 (5.76)

Visual Memory, Visual Motor Speed, Impulse Control >
Verbal Memory;
Visual Motor Speed, Impulse Control > Visual Memory;
Impulse Control > Visual Motor Speed;
Visual Motor Speed, Impulse Control > Reaction Time
Verbal Memory, Visual Motor Speed > Visual Memory;
Verbal Memory, Visual Memory, Visual Motor Speed >
Impulse Control;
Verbal Memory, Visual Motor Speed > Reaction Time;
Reaction Time > Impulse Control

Note. Post hoc comparisons significantly differ at p < .05 after Bonferroni correction.
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Appendix B: Figures
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Figure 1. Hypothetical Undirected Network

Note. Circles represent variables. Lines, or “edges”, represent statistical relationships among
nodes. Thick lines represent strong statistical relationships, thin lines represent weaker statistical
relationships. Blue lines represent positive associations between nodes, red lines represent
negative associations between nodes.
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Figure 2. Diagram of Participant Selection.
13-19-year-old athletes with ImPACT testing (raw dataset)
(n = 116,624; 80,436 unique people)

Exclude:
Cases that aren’t part of a sequence (n = 105,371
cases)
Athletes with no follow-up post-concussion tests
ever (n = 3,182 cases)

Athletes with a baseline-acute-f/u sequence at some point (n =
7,987 cases; 2,205 people)

Exclude:
Tests not part of a full sequence in a row (e.g., they
could have a baseline-acute-baseline-acute-follow up
sequence, so remove the first two) (n = 84 cases)
Multiple sequences (e.g., they could have a baselineacute-follow up x2, so remove second set of tests)
(n = 116 cases)
People whose sequence is following a concussion (n
= 82 cases)
Follow-up tests that are not the last follow-up test (n
= 1,243 cases)
Athletes with a clean sequence (n = 6546 cases;
2182 people)
Exclude:
Ever brain surgery (n = 39 cases, 13 people)
Ever epilepsy tx (n = 84 cases, 28 people)
Ever migraine tx (n = 996 cases, 332 people)
Ever alcohol/substance use tx (n = 12 cases, 4
people)
Ever psychiatric tx (n = 228 cases, 76 people)
Ever ADHD (n = 372 cases, 124 people)
Ever LD (n = 117 cases, 39 people)
Ever Autism (n = 6 cases, 2 people)
Test taken not in English (n = 9 cases, 3 people)
Invalid reaction times (n = 24 cases; 8 people)

Network Analysis (n = 4659 cases;
1553 people)
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Figure 3. Interaction Plot Showing Centered Means of Composite Scores Over Time.

36

Figure 4. Network of Cognitive Abilities and Corresponding Node Labels
Node

Cognitive Variable

1 Word Memory Hits
2 Word Memory Correct Distractors
3 Word Memory Hits (delay)
4 Word Memory Correct Distractors (delay)
5 Design Memory Hits
6 Design Memory Correct Distractors
7 Design Memory Hits (delay)
8

Design Memory Correct Distractors
(delay)

9 XO Total Correct (memory)
10 XO Total Correct (interference)
11

XO Average Correct Reaction Time
(interference)

12 XO Total Incorrect (interference)
13

XO Average Incorrect Reaction Time
(interference)

14 Symbol Match Total Correct (visible)
15

Symbol Match Average Correct Reaction
Time (visible)

16 Symbol Match Total Correct (hidden)
17

Symbol Match Average Correct Reaction
Time (hidden)

18 Color Match Total Correct
19

Color Match Average Correct Reaction
Time

20 Color Match Total Commissions
21

Color Match Average Commissions
Reaction Time

22 Three Letters Total Sequence Correct
23 Three Letters Average Time to First Click
24 Three Letters Average Counted Correctly

Note. Baseline (top), acutely after concussion (middle), and recovery (bottom) networks with unconstrained layout.
Node numbers and corresponding variable names for the 24 cognitive variables.
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Figure 5. Estimated Node Strength and Expected Influence Over Time

Note. Node strength (top) and expected influence (bottom). Centrality indices are shown as
standardized z-scores.
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Appendix C: Supplementary Figures

39

Supplementary Figure 1. Ordered Node Strength Centrality Values at Each Time Point

Note. Nodes are presented in order from lowest to highest strength at baseline (top left), acute
(top right), and recovery (bottom left). Centrality indices are shown as standardized z-scores.
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Supplementary Figure 2. Ordered Node Expected Influence Values at Each Time Point

Note. Nodes are presented in order from lowest to highest expected influence at baseline (top
left), acute (top right), and recovery (bottom left). Centrality indices are shown as standardized zscores.
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Supplementary Figure 3. Average Correlations Between Centrality Indices of Networks
Sampled With Persons Dropped and the Original Sample

Note. Baseline (top left), acute (top right), and recovery (bottom left). Betweenness results are
shown in read, closeness results are shown in green, expected influence results are shown in
blue, and strength results are shown in purple.
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Supplementary Figure 4. Bootstrapped Confidence Intervals of Estimated Edge-Weights for Each
Network

Note. Baseline (top left), acute (top right), and recovery (bottom left). Red lines represents
sample values. Gray lines represent bootstrapped confidence intervals. Each horizontal line
represents one edge from the network. Edges are ordered from lowest to highest edge-weight.
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Supplementary Figure 5. Bootstrapped Difference Tests Between Edge-Weights That Were
Non-Zero in the Estimated Networks

Note. Baseline (top left), acute (top right), and recovery (bottom left). Every unique node pair is
represented on both the X and Y axes. Axis labels were removed for clarity. Gray boxes
represent edges that do not significantly differ from one-another. Black boxes represent edges
that do significantly differ from one another. Colored boxes correspond to the color of the edge
in Figure 4.
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Supplementary Figure 6. Bootstrapped Difference Tests Between Node Strength in the
Estimated Networks

Note. Baseline (top left), acute (top right), and recovery (bottom left). Each node is represented
once on the X axes and once on the Y axes. Gray boxes represent nodes that do not significantly
differ from one-another. Black boxes represent nodes that do significantly differ from one
another. White boxes show the value of node strength.
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Supplementary Figure 7. Bootstrapped Difference Tests Between Expected Influence in the
Estimated Networks

Note. Baseline (top left), acute (top right), and recovery (bottom left). Each node is represented
once on the X axes and once on the Y axes. Gray boxes represent nodes that do not significantly
differ from one-another. Black boxes represent nodes that do significantly differ from one
another. White boxes show the value of node expected influence.
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Fixed Emotion Mindsets Contribute to Gender Differences in Internalizing Symptoms. Poster presented at Society for Research
on Psychopathology, Buffalo, NY.
Chan, A., Karpel, H., Herera, C., Goodwin, G.J., Thienemann, M., Farhadian, B., Willet, T., Mellins, E., Frankovich, J. (2019,
April). Children with sudden onset neuropsychiatric symptoms: inflammation markers, arthritis, enthesitis and concurrent
autoimmune/inflammatory diseases. Poster presented at the Childhood Arthritis and Rheumatology Research Alliance Annual
Scientific Meeting, Louisville, KY.
INVITED TALKS
American Psychological Association Graduate Students Convention Program
Rivers, M., Bustos, T., & Goodwin, G. J. (2021, August 12-14). How to effectively communicate your science to broad
audiences [Conference session]. American Psychological Association 129th Annual Convention, Virtual Conference.
Proseminar in Developmental Psychology, Champaign IL
Invited speaker to PhD students and faculty in the Developmental Psychology program (planned for 2020, March; cancelled due
to COVID-19). Fixed Emotion Mindsets and Gender Differences in Internalizing Symptoms.
Applied Regression Analysis in Educational Psychology PhD Program Guest Speaker, Champaign, IL
Invited guest speaker to PhD students enrolled in the Applied Regression Analysis course in Educational Psychology (planned for
2020, April; cancelled due to COVID-19). How to analyze your data and submit for publication while maintaining best research
practices.
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Capstone Research Methods in Psychology Guest Speaker, Champaign, IL
Invited guest speaker to Psychology undergraduates enrolled in the Capstone seminar course (2019, October). How to present
empirical research.
Undergraduate Psychology Association & Psi Chi Society Meeting, Champaign, IL
Invited guest speaker to students in the Undergraduate Psychology Association and Psi Chi Society (2019, September). My research
journey, careers in Psychology, and tips for success in the graduate school application process.
Psychology MSPS Orientation, Champaign, IL
Invited address to incoming Master of Science students introducing the program and my specific program of research (2019,
August). Tips for success in graduate school.
PROFESSIONAL SERVICE
July 2021 – Present
ANST Interest Group Student Representative
Association of Neuropsychology Students and Trainees
Responsibilities include:
•
Informing students and trainees in their program about training and professional issues relevant to the field of
neuropsychology
•
Ensuring reciprocal communication between graduate students and ANST as well as SCN.
•
Assessing the needs of students in your program and forwarding questions and concerns to ANST and SCN.
•
Serving as a resource for information about legislative issues affecting neuropsychology and the field of psychology as a
whole. Encouraging participation in ANST governance and programming activities.
October 2020 – Present
APAGS Science Committee Member
American Psychological Association of Graduate Students (APAGS)
Advocated for promotion and integration of science across multiple organizations, worked to increase allocation of resources to
fund student research in psychological science, encouraged the development of innovative programming for the APA convention,
examined and recommended strategies for the recruitment and retention of emerging scientists within APAGS and APA. Reviewed
grant submissions for the APAGS Psychological Science Research Grant and the Junior Scientist Fellowship. Served as associate
editor for Translational Issues in Psychological Science.
September 2020 – Present
Outreach Undergraduate Mentoring Program (OUMP)
University of Nevada, Las Vegas
Provided formal internship for undergraduate Psychology students from under-represented backgrounds. Provided guidance on
academic success and resources and support for graduate school applications.
August 2020 – Present
Clinical Student Committee
University of Nevada, Las Vegas
Cohort representative: organized events for clinical psychology graduate students, represented and advocated for first year cohort
during meetings
Secretary: recorded meeting minutes, shared information with clinical psychology graduate students.
RESEARCH EXPERIENCE
August 2020 – Present
Neuropsychology Research Program, Las Vegas, NV
Mentor: Daniel N. Allen, PhD
•
Conducting independent research on the cognitive outcomes of sport related concussion. Using novel methods (i.e., network
analysis) to examine cognitive recovery following sport-related concussion in a large cohort of athletes.
•
Led undergraduate research assistant meetings. Facilitated journal article discussions, reviewed writing samples, led R and
RStudio workshops.
August 2018 - Present Cognitive and Affective Neuroscience of Psychopathology Lab in collaboration with the Family
Studies Lab, Champaign, IL
Mentors: Karen Rudolph, PhD and Wendy Heller, PhD
Contributing to a study that investigates childhood emotional development in adolescence. In particular, exploring the relationship
between entity theories of emotion and affective disorders via emotional regulation strategies and peer stress exposure. Examining
neural correlates of theories of emotion. Conducting independent research examining gender differences in mindsets in adolescence
and mental health implications. Specific responsibilities include:
•
Recruit and schedule participants
•
Cleaned, manage, and analyzed adolescent mindset, emotion regulation, stress, depression, and anxiety data with Qualtrics
and SPSS
•
Coordinated fMRI (3 Tesla Siemens Prisma scanner) study and assist in the acquisition of T2-weighted echoplanar images,
BOLD, neural reactivity, and neural regulation data. Assisted participants onto machine, set up simultaneous physiological
recordings, run Emotional Go/No-Go and Emotional Challenge tasks
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•
•
•

Conducted data analysis and assist in mindset measure development
Assisted with development of grant proposal
Trained and supervised undergraduate research assistants on data collection and management

August 2018 - Present Decision Neuroscience Lab, Champaign, IL
Mentor: Aron Barbey, PhD
Conducted research on mild traumatic brain injury research. Co-led a longitudinal acute traumatic brain injury project using
neuroimaging and neuropsychological testing. Specifically, correlating post-injury functional neural connectivity changes with
patient symptoms, cognitive deficits, prolonged complaints, and recovery. Contributed to a manuscript that compares the
ImPACT cognitive test and BOLD variability in distinguishing concussed athletes from controls. Conducted independent
research on the relationship between functional brain networks and personality traits. Specific responsibilities include:
•
Assist with neuropsychological tests (D-KEFS, NIH Toolbox, WTAR)
•
Coordinate fMRI (3 Tesla Siemens Prisma scanner) study and assist in the acquisition of DTI, elastogram, BOLD, T2, and
FLAIR data. Assist participants onto machine, set up simultaneous physiological recordings
•
Oversee protocol piloting on various 3T MR scanners
•
Troubleshoot participant recruiting techniques
•
Train and supervise undergraduate research assistants on neuropsychological test batteries
July 2016 - June 2018 Stanford Pediatric Acute-onset Neuropsychiatric Syndrome (PANS) Clinic, Palo Alto, CA
Mentor: Jennifer Frankovich, MD, MS
Held several positions across PANS clinical research team. Specific responsibilities included:
•
IRB manager: wrote and submitted IRB protocol modifications, ensured protocol compliance, conducted continuing protocol
review
•
Database manager: created surveys and data collection instruments, distributed surveys to patient families, created reports for
data analysis, data management and organization
•
Basic science liaison: coordinated specimen (blood, cerebral spinal fluid, tonsillar tissue) collection with patients and
clinicians, handled sample requests, coordinated all research specimen projects with the Human Immune Monitoring Center,
attended meetings with scientists and other HIMC members, collected data on research specimens, selected specimen to
include in experiments
•
Research duties: recruited/screened/consented healthy controls for research, examined neuropsychological data on a patient
cohort, examined ASL perfusion data on PANS patients and healthy controls, consented patients and families for research,
created posters for presentations, collaborated on manuscripts
•
Clinical Responsibilities: implemented/administered ImPACT test to patients, wrote chart reviews, prepared patient
information worksheets for clinicians, trained new volunteers and research assistants, documented patient neurological
examination results, coordinated specimen collection with clinicians/phlebotomists/radiologists/MRI technicians. Attended
daily case conferences and rounds
July 2016 - Aug 2018 University of California, Berkeley, Cognitive Development and Learning Lab
Mentors: Alison Gopnik, PhD and Nadya Vasilyeva, PhD
Investigated the role of stability of causal relationships across varying background circumstances. Specifically, explored how
explanation and causal reasoning contribute to learning and decision making in early childhood. Specific responsibilities included:
•
Assisted postdoctoral associate run two experiments: one examined whether young children prefer stable or unstable causal
relationships, the other aimed to characterize structural thinking throughout childhood (3-7-year-old children)
•
Participated in development of new studies (from design to procedure and stimuli construction)
•
Recruited and consented participants
•
Acted as lead experimenter on both protocols
•
Adapted and formatted videos from testing sessions
•
Processed and coded behavioral data
•
Trained new research assistants on research protocols
EDITORIAL EXPERIENCE
2020 – Present

Translational Issues in Psychological Science, Associate Editor

AD-HOC REVIEWING EXPERIENCE
2021
2021
2021

The Clinical Neuropsychologist
Applied Neuropsychology
Psychological Assessment

RELEVANT TRAININGS
August 2018

Violence/Suicide Prevention Training, Amy Cohen, PhD, University of Illinois at Urbana-Champaign, IL
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August 2018
Magnetic Resonance Imaging Safety Training: 3 Tesla MR, Shelly Yambert, Beckman Institute Biomedical
Imaging Center, University of Illinois at Urbana-Champaign, IL
February 2019

Brain Injury Symposium, Carle Rehabilitation Services, Carle Foundation Hospital, Urbana, IL

SPECIALIZED ASSESSMENT TRAINING
Beery Visual Motor Integration (VMI)
Behavior Rating Inventory of Executive Function (BRIEF)
Bruininks-Oseretsky Test of Motor Proficiency (BOT)
California Verbal Learning Test (CVLT)
CNS Vital Signs – Computerized Neurocognitive Assessment Software
Connors’ Continuous Performance Test 3rd Edition (CPT 3)
Delis-Kaplan Executive Function System (D-KEFS)
Grooved Pegboard Test
Immediate Post-Concussion Assessment and Cognitive Testing (ImPACT)
ImPACT Pediatric
Integrated Visual and Auditory Continuous Performance Test (IVA-2)
Kaufman Assessment Battery for Children 2nd Edition (KABC-2)
Kaufman Test of Educational Achievement 3rd Edition (KTEA-III)
NIH Toolbox
Peabody Picture Vocabulary Test 4th Edition (PPVT-4)
Rey-Osterrieth Complex Figure Test
Test for Colour Blindness
Test of Memory Malingering (TOMM)
Test of Variable Attention (TOVA)
Wechsler Adult Intelligence Scale 4th Edition (WAIS-IV)
Wechsler Individual Achievement Test 4th Edition (WIAT-IV)
Wechsler Intelligence Scale for Children 5th Edition (WISC-V)
Wechsler Memory Scale (WMS-IV)
Wechsler Test of Adult Reading (WTAR)
Woodcock Johnson Tests of Achievement 4th Edition (WJ-IV-ACH)
Woodcock Johnson Tests of Cognitive Abilities 4th Edition (WJ-IV-COG)
Woodcock Johnson Tests of Oral Language 4th Edition (WJ-IV-OL)
PROFESSIONAL ASSOCIATIONS
2020 – Present
2020 – Present
2020 – Present
2019 – Present
2019 – Present
2018 – Present
2018 – Present
2018 – Present
2018 – Present
2018 – Present

Association of Neuropsychology Students & Trainees (ANST)
National Academy of Neuropsychology
International Neuropsychological Society
The Society for Clinical Neuropsychology (APA Division 40)
Society for Research in Psychopathology
Psi Chi Society
American Psychological Association, APAGS Member
Cognitive Neuroscience Society
Society for Research in Child Development
American Educational Research Association

PROFESSIONAL SKILLS
Software: R, SPSS, MATLAB-Network Based Statistics Toolbox, SPM, Research Electronic Data Capture (REDCap), Qualtrics,
Open Specimen, Excel, Adobe Premiere Pro CC Video Editing Software
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